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Abstract: LiDAR technology is finding uses in the forest sector, not only for surveys in producing
forests but also as a tool to gain a deeper understanding of the importance of the three-dimensional
component of forest environments. Developments of platforms and sensors in the last decades have
highlighted the capacity of this technology to catch relevant details, even at finer scales. This drives
its usage towards more ecological topics and applications for forest management. In recent years,
nature protection policies have been focusing on deadwood as a key element for the health of
forest ecosystems and wide-scale assessments are necessary for the planning process on a landscape
scale. Initial studies showed promising results in the identification of bigger deadwood components
(e.g., snags, logs, stumps), employing data not specifically collected for the purpose. Nevertheless,
many efforts should still be made to transfer the available methodologies to an operational level.
Newly available platforms (e.g., Mobile Laser Scanner) and sensors (e.g., Multispectral Laser Scanner)
might provide new opportunities for this field of study in the near future.
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1. Introduction
Deadwood in forest stands has often been considered a management problem in the past and
its presence is still an issue, especially in producing forests, since it can be a possible source of
pest outbreak, enhance fire risk, and represent a threat to worker/public safety [1]. On the other
hand, deadwood is one of the most important indicators of habitat quality, hosting and providing
nourishment to many of the most threatened forest species among insects [2], bryophytes, lichens [3],
small mammals, and birds [4]. Furthermore, deadwood is important in microsite-enhancement for
forest regeneration, particularly after high-severity disturbances [5]. For this reason, deadwood
cover may be used as an indicator of microclimatic and micro-topographic habitat availability and
heterogeneity [6]. Deadwood also plays a fundamental role in the carbon balance of forest ecosystems.
Due to its increasing importance, National Forest Inventories (NFI) worldwide are now progressively
including deadwood as a target component and its quantification is becoming of great interest [7–13].
Countries with a longer tradition of productive forestry are already assessing the impacts of biomass
exploitation and strict production management [14–17], and their effect on deadwood presence.
Quantity is no longer considered the only valuable parameter for deadwood assessment, both
for carbon sequestration [18,19] and biodiversity conservation purposes. For the latter, many authors
highlight the importance of the size and decay stage of the deadwood component [20–23], even
proposing specific taxa-based forest management [24,25].
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This perspective is leading researchers to define new methodologies (e.g., [26,27]) for its
identification and assessment of the amount and quality in different landscapes and throughout
forest development stages [28–30]. In this direction, techniques from the field of remote sensing
provide a valuable set of approaches for the study across wide scales. Among these, LiDAR is
becoming an established technology for large-scale monitoring within the environmental sector [31],
passing from direct applications in meteorology, topography, and forest planning. Within the latter,
assessment of the aboveground biomass is no longer such a priority issue. There are many reported
results from direct experiences of local administrations, academia, and funded projects (e.g., NEWFOR
for EU) [32].
Ecological studies are increasingly using this technology, due to its capacity of collecting
three-dimensional (3D) metrics of vegetation structure. As Davies and Asner [33] described in their
review, most forest wildlife depends on all three dimensions of the environment. Using LiDAR-derived
data on wildland structure, it is possible to better link species’ ecology to prediction mapping of
occurrence or habitat suitability [34].
Although on the one hand it is true that mapping large areas has become quite easy and less
expensive, on the other not all remotely sensed data are able to respond in the same way to small-scale
events. As the general approach is progressively shifting from the global to the local scale, UAV
(Unmanned Aerial Vehicle) technology has seen a rapid evolution within recent years and its easily
affordable price has driven research to a further change in viewpoint. Rapid and complete remotely
sensed monitoring can be conducted with UAVs, allowing for small-scale updates/adjustments of the
original database. Indeed, their versatility allows point clouds to be obtained both from UAV-borne
LiDAR sensors and from a ‘Structure from Motion’ procedure applied on photogrammetry surveys.
While LiDAR technology has become a reliable tool for forest structural parameter
definition [35,36], the integration of different sources of remote sensing data (e.g., aerial imagery
and LiDAR) is still an open frontier for forest ecologists [37].
This paper aims to give an overview on the current situation and future perspectives of this
specific but heterogeneous topic. The first section introduces the definition and classification of
deadwood in forest ecology and the importance of remote sensing LiDAR technology for its assessment.
In the second, the specific applications of the two main remote sensing approaches (i.e., airborne and
terrestrial) are discussed and compared. The third section reports on data-integration between the
two approaches and data-fusion with other data sources. The fourth section describes multi-temporal
applications for change detection and quantification. Examples of operational applications are
provided to broaden the discussion within the perspective of environmental management. In the
conclusions, critical points and future prospects are highlighted for the identification of knowledge
gaps and research opportunities.
Deadwood
Coarse woody debris (CWD), as well as its properties and dynamics, were thoroughly described
for the first time by Harmon et al. [38]. This wide category covers a variety of types and size of
materials (Figure 1), including snags (or standing deadwood), logs, chunks of wood (as a result of the
disintegration of the two previous types), large branches, stumps, and coarse roots. The same authors
reported how size varied differently depending on the country and type of study, ranging from 2.5
to 7.5 cm as concerns the minimum diameter. Ten years later, Harmon and Sexton [39] defined the
first specific guidelines for the U.S. forest inventories, setting 10 cm and 1 m as diameter and length
thresholds to distinguish CWD from finer material called fine woody debris (FWD). An exception was
proposed for forest fuels assessment, providing a minimum threshold of 7.5 cm [39].
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Figure 1. Identification key for deadwood elements (from Reference [39], modified).
The use of common thresholds by the scientific community has increased since their first
proposal (see [38,39]), but differences can still be found in terms of both terminology and adopted
thresholds. This lack of harmonization leads to a flaw in the comparison of different studies [40] or
data sources. As an example, within the National Forest Inventories (NFI) of some European countries,
the distinction between CWD and FWD is made according to a threshold of 10 cm in Scandinavian
countries (Sweden, Norway, and Finland) and Italy, 7 cm in Switzerland and France, and 20 cm in
Austria and Germany [11].
No ecological study has provided a clear threshold for distinguishing between fine and coarse
woody debris [41], even though the choice of a specific definition can have a strong effect on deadwood
quantification. Indeed, testing the exclusion of different deadwood elements from the total amount
derived from the available NFI data, it is possible to see how adding just stumps can cause a 44%
increase in volume [42].
Due to the diverse types of dead material that can be found within the forest environment, a
literature search was conducted, identifying specific keywords (e.g., “LiDAR” AND “deadwood”,
“LiDAR” AND “coarse woody debris”, etc.) in the main research platforms (e.g., Science Direct, Web
of Science). Additional material was collected by searching through the bibliography available in each
paper and including relevant grey literature. The selected papers were then screened to assess the
real presence of the research topic, often present as a side-line of main methodologies developed for
other purposes.
2. Airborne Laser Scanning
2.1. State of the Art: Data Types and Analysis
Within the last decade, due to technology developments and the increase in expertise, the LiDAR
sector has been facing a progressive shift from different points of view:
1. Data quality: improved accuracy in terms of data localization and measures
2. Data density: from low- to high-density (e.g., single photon counting LiDAR)
3. Data types: from discrete return to full waveform
4. Analysis approach: from area-based to single-tree approaches
Analysis of the data may differ depending on the aggregation level at which the point cloud
information is studied. The target information can be represented at a single-tree level [43] or according
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to a regular grid, where each cell summarizes the characteristics of the individuals included. The latter
method is known as the area-based approach (ABA). The aggregation level is entangled with the
point cloud quality due to the fact that low-density data can hardly be processed to obtain detailed
information at a single-tree level. For this reason, the ABA was mostly used in early studies, when
the available point densities were pretty low (i.e., <2 pts/m2). It leads to very good results, even if
mostly for mapping purposes such as biomass estimation (e.g., [44–49]), information for forest fire
management [50,51], and habitat modeling [52]. Even if high-density datasets are becoming more
available, finer elaborations (i.e., single-tree) are still performed mainly for research purposes.
2.2. Area-Based Approach
The assessment of deadwood amount through the area-based approach is mainly indirectly
derived from the living biomass parameters of forest stands. Ranius et al. [53] modelled the
amount of deadwood from the growth of living trees, tree mortality rate, and CWD decomposition
rate. They achieved accurate results only at the landscape level for Norway spruce stands
without disturbances.
Common point cloud statistics extracted from low-density datasets have been used to estimate
different components of deadwood such as standing and downed dead trees [54,55] or the potential
logging residues following forest management operations [56]. The models, applied mostly to
boreal/temperate conifer stands, resulted in accuracies ranging between 50% and 80%. Within a
natural old-growth forest, canopy gaps have been classified according to the presence/absence of
CWD using metrics extracted from the data between the ground and a height of 5 m [57].
The predictive power of ABA models mainly increases with stand maturity, but the accuracy of
the models for predicting CWD volume using characteristics of living trees as predictors has been
rather poor [41].
In a case study in the coastal forest of the U.S. Pacific Northwest [58], LiDAR-derived variables
from a low-density dataset (<1 pts/m2) were compared to field data dividing deadwood in wildlife
tree (WT) classes depending on its decay status. The coefficient of variation (log transformed) was
found to be the best predictor variable within the modeling of the WT classes and, therefore, was the
best predictor for the presence of deadwood. This result is consistent with those obtained by other
authors (e.g., [59–61]) for the description of canopy structural attributes.
The Random Forest (RF) algorithm was adopted using LiDAR-derived metrics to predict total,
live, dead, and percentage of dead basal area (BA) [62]. The investigation proved the significance
of height and density metrics for predicting total BA, intensity, and density metrics for predicting
living BA, and intensity metrics (mean, CV, and kurtosis) for predicting dead and percentage dead BA.
Furthermore, in one plot the intensity normalization improved RF models predicting Dead and %Dead
BA, demonstrating the importance of the use of intensity in distinguishing dead from live canopies.
Finally, Sumnall et al. [63] compared the use of Discrete Return (DR) and Full Waveform (FWF)
data for modeling 23 different forest structure and composition parameters, including deadwood
volume and decay stages for both standing and downed trees. Among the best-performing models,
the standing deadwood volume obtained a prediction accuracy equal to an NRMSE of 16%. However,
it was pointed out that the selection of LiDAR survey season (leaf-on/leaf-off) had greater importance
than data type (i.e., DR or FWF) when determining the predictive power of the best-performing models.
2.3. Single-Tree Approach
2.3.1. Standing Deadwood
The identification of single standing dead trees (snags) using LiDAR data has only recently
been addressed, due to the increase in high-quality and high-density data availability as well as
segmentation methods required to work directly with the point cloud. Segmentation is the process
aimed to delineate an object and its characteristics which, in forestry, means tree crowns, tree position,
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and dendrometric parameters (i.e., DBH, height), from remotely sensed data. The analysis approaches
evolved from image segmentation techniques developed for aerial imagery and lately applied to 3D
data (i.e., LiDAR).
It is possible to say that the paper by Reitberger et al. [64] was a forerunner in the field. In their
study, indeed, some of the main approaches for canopy segmentation were tested with both DR and
FWF LiDAR data. Not considering the difference in computation effort between the two data types,
it is important to note that the “normalized cut segmentation” algorithm [65] was introduced into the
analysis process. This technique has been successfully used through voxels applied on 3D point clouds
in order to differentiate points belonging to each single tree. If compared to watershed segmentation
that relies on a 52% detection rate, its application increases the detection rate to 60%, both considering
the support given by the stem detection method [66]. An important aspect is the increase in detection of
individuals in the lower and mid canopy layers, often rather difficult to identify due to clustering with
the upper ones (e.g., [67]). Most studies were conducted on conifer stands where the size and shape of
tree crowns are quite well defined. As described in Vauhkonen et al. [68], these assumptions allow
site-/species-specific methods to be applied that cannot be easily used in different stand conditions.
In order to overcome this issue, Hamraz et al. [69] defined a procedure for the identification of the
single tree that does not require assumptions on the size and shape of tree crowns and thus opens new
perspectives towards generally applicable methods.
The first complete procedure for the detection of standing dead trees at a single-tree level was
presented by Yao et al. [70]. They made use of a high-density dataset (25 pts/m2) derived from FWF
and waveform information to classify living and dead trees in a mountain mixed stand, selecting a
group of metrics based on previous experiences in the same site (e.g., [71–73]). The calculated metrics
were related to the outer tree geometry, crown shape, and penetration rate by laser, pulse width,
and reflectance intensity. A Support Vector Machine algorithm was run to classify dead and living
trees, reaching an overall accuracy of 73% with leaf-on conditions.
Kim et al. [74] developed regression equations to predict living and standing dead tree biomass
from DR LiDAR data. By using the intensity values, it was possible to distinguish between living
and dead biomass. The LiDAR data were stratified at a threshold intensity value and the regression
analyses were conducted using stratified values (high for live biomass and low for deadwood) and the
full value range (divided by type). No transformations were applied to the datasets. For dead biomass,
the best estimator was the peak of the low intensity frequency distribution, whose model alone had an
R2 of 0.52. Lastly, the derived regression equations were tested to map live and dead biomass across a
portion of the North Rim of the Grand Canyon National Park (U.S.) in stands with a relatively high
percentage of dead trees.
Mücke et al. [75] used the correct tree locations, defined with a topographic field survey as center
points, in order to proceed with the extraction of a subset of the point cloud using a clipping cylinder
with a 2.5-m radius. Echo distribution and echo amplitudes were found to be the strongest indicators
for the discrimination between standing living and dead trees, and the increase in echoes was directly
linked to a better discriminatory power. As possible enhancements for the area-wide identification of
standing dead trees, they suggested a penetration index map on a grid basis, comprising the number
of echoes in certain height intervals compared to all echoes. Furthermore, a map incorporating the
ratio of amplitudes from the top 30% of all echoes could help in distinguishing living from dead trees.
In order to overcome the difficulty in separating LiDAR returns reflected from living or dead
trees as stated in Pesonen et al. [54], Wing et al. [67] applied a filtering algorithm based on the intensity
values and neighborhood statistics of first return and single points. This method was tested in a
managed Ponderosa pine (Pinus ponderosa Douglas ex C. Lawson) forest, with single- and multi-layered
stands, and a predominantly forested area subjected to wildfire. Intensity values were corrected and
statistically selected, in order to exclude those related to live vegetation, and then evaluated depending
on their approximation to a geometrical shape (i.e., cylinder). Despite the relatively low point density
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for this type of analysis (6.9 pts/m2), the results showed a promising potential of the method for real
forestry applications.
In order to identify snags, Casas et al. [76] used intensity normalized data applying a two-step
procedure. The point cloud with values above 2 m were rasterized to a smoothed Canopy Height
Model (CHM), subsequently segmented into regions representing individual trees. For each subset of
points belonging to the crowns, 25 metrics were calculated, related to height, intensity, crown shape,
and porosity. Lastly, tree classification and DBH estimation was performed using Gaussian processes
and the metrics derived from ALS (Airborne Laser Scanning) data. The overall classification achieved
high scores (snag/living: 91.8%; conifer/hardwood: 85%) but one of the most important results is that
the Gaussian process-based method provided a significant improvement over the traditional use of
site-specific conifer allometric equations.
Polewski et al. [77] proposed a two-step strategy for detecting individual dead trees. In the
first step, similar to Yao et al. [71], they segmented the 3D point cloud into individual trees with the
segmentation procedure from Reitberger et al. [78] using the normalized cut clustering algorithm [65].
Each identified segment was then linked to the corresponding patch in the georeferenced aerial image.
Features were then extracted from the patch utilizing the per-channel intensity means of pixels inside
the polygon as well as their cross-channel covariance matrix. The procedure led to an overall accuracy
of 89%, using fewer than 10% of the data pool as training examples.
In recent studies, a whole set of technical expedients may help in improving both single-tree and
area-based approaches. Among these, the filtering of points located at the lowest height level (i.e.,
below 2 m) has become a standard step (e.g., [69,75,79,80]), in order to minimize the noise caused by
small elements present in the forest understory (suppressed trees, shrub vegetation, etc.).
Another hint comes from approaching to the topic from an ecological perspective.
Zellweger et al. [34] pointed out how the geographical localization of the target stand may help
in identifying areas prone to dead or dying trees. High values of the Topographic Position Index
describe ridges or hilltops, sites that are usually subject to harsher water and soil conditions and thus
where deadwood amounts may be higher.
For inventory purposes, Keränen et al. [80] demonstrated that the inclusion of standing dead trees
in field measurements had no significant effect on the accuracy of the area-based model used within
the study area. Even if the result may be promising, it has to be pointed out that the presence of CWD
in the site was pretty low. Further studies are hence needed to define the effect of higher quantities
of snags.
2.3.2. Downed Logs
The detection of downed trees seems to be one of the most difficult tasks, since many factors affect
their correct identification. The most important are canopy cover (for laser beam penetration), shrub
cover, and rocks (creating noise or partially covering the target).
One of the first methodological approaches to detect lying logs was the rasterization of different
point statistics used as layers in object-based image analysis [81]. The proximity of stems to the
ground vegetation and clusters of downed trees were recognized as error factors due to the further
complexities they confer. In addition, the process relies on multiple user-defined parameters, making
it pretty site-specific and therefore less flexible. Nevertheless, the procedure was able to successfully
delineate downed logs (73%) but was inefficient in terms of automation due to the time required for
manual and visual setting and refinements.
The line-template matching method has been used extensively to identify downed logs in
uncovered areas, such as those hit by a windstorm. Lindberg et al. [82] applied it directly to a
laser point cloud to utilize the data information without a rasterization step. Later, Nyström et al. [83]
worked on the same area to test a new approach, reaching an 82% detection rate on the few pine
trees available, probably due to the low number of branches and larger mean diameter (37 cm) in
comparison to the other species present (22 cm).
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Concerning forested areas, Mücke et al. [75] decomposed a FWF point cloud filtered with a 2-m
height threshold in order to create a raster product. The derived image contained elongated features
as well as spot-like ones, representing downed logs and standing trees, respectively. The latter was
removed through a mask built from values between 2 and 7 m, allowing a clean map of downed wood
to be obtained. This procedure has been refined with further studies [84,85], giving a strong importance
to the echo width. This allowed a classification scheme to be built up based on shape and surface
roughness in and around the area of the identified feature, in order to filter out the well-detectable
logs from all possible noise (i.e., low vegetation). However, the promising results obtained were partly
explained by the size threshold adopted (DBH > 30 cm), hence considering only relatively large logs.
In their study, Polewski et al. [72] confirmed the complexity of the task working directly on the
point cloud, but foresaw that methods which try to learn the appearance from reference data based on
shape descriptors could help solve some of the problems. Developing the early approach presented in
Polewski et al. [86], they focused on the clustering step, taking into consideration the normalized cut
algorithm to merge the identified segments in order to reconstruct the shape of the stem. The initial
similarity function applied to a training dataset and chosen to identify segments was then refined to
optimize the computational efforts required by the point search method. Further developments in
stem segmentation followed the introduction of a specialized constrained conditional random field
that allowed an increase of between 7% and 9% in detection correctness and completeness [87].
Airborne Laser Scanning data have been used for the identification and characterization of logjams
along a river in western U.S. Abalharth et al. [79] evaluated the ability of recognizing logjams by
comparing use of a full point cloud and a filtered one, keeping only points below a height threshold of
3 m. The obtained Object Height Model and traditional normalized Digital Surface Model were then
assessed manually, allowing the identification of logjams with results similar to fieldwork. Even if
the method was objectively time-inefficient and partly subjective, it is still worthwhile in comparison
to fieldwork.
In a similar situation, lying deadwood was assessed in a riparian area using a UAV-borne LiDAR
sensor, obtaining very promising results thanks to the extremely high point density (i.e., 1500 pts/m2),
almost comparable to a Terrestrial Laser Scanner [88].
3. Terrestrial Laser Scanning
Recent studies have focused on the efforts at closer scales on the elements that are usually hard
to identify by ALS below the tree crowns (e.g., logs) or even with the human eye. Some forerunner
studies using Terrestrial Laser Scanning (TLS) evaluated the fuelbed characteristics (heights, volume,
biomass, and leaf area) [89] and the variation of fire behavior in relation to fuel variation [90] within
longleaf pine (Pinus palustris) stands in the U.S. This approach showed a potential for this technology
in the description of fine-scale processes related to fire ecology. Thanks to the high-density datasets
coming from TLS sensors, new analysis methodologies are being developed. Advanced techniques
using a voting scheme and fitting simple 3D models were used by Polewski et al. [91] to fit a cylinder
shape over a point cloud, thus obtaining a 10% improvement in the detection completeness rate of
fallen trees.
Finer components such as lowest dead attached branches were identified as part of a stem quality
assessment procedure with an RMSE equal to 42.9% [92].
TLS data have also been successfully applied for the detection and quantification of the structural
loss on standing dead trees. The approach proposed by Putman et al. [93] makes use of the TreeVolX
algorithm, a voxel-based methodology developed by Putman and Popescu [94] which segments
the voxelized point cloud by layer in order to identify stem or branch sections. When identified,
these sections are then filled with further voxels, recreating a solid voxel model. The volume loss
estimation is made by the difference of voxels per height bin. The approach, tested on 29 specimens
from both coniferous and broadleaved species, took into consideration two different time span scans
for each of them.
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4. Integrating Methods and Data Sources
Nowadays, multi-sensors and collaborative sensing (the use of more than one technology/support
at a time) are driving research towards merging information from different sources [95]. FWF systems
are capable of acquiring high-quality data thanks to the echo width and amplitude, important
parameters in the case of deadwood identification [63,85]. Nevertheless, it is still quite onerous
to manage such data across the wide scales on which the forestry sector operates. In this perspective,
new methods are testing the feasibility of integrating datasets with information coming from different
sources, such as aerial imagery (from airplanes or UAVs) and LiDAR (ALS and TLS). This approach
seems quite promising, due to the fact that it is possible to select the best information from among
that offered by a specific source. For example, imagery can help with crown detection and stand
classification (species, health status), while LiDAR can provide an estimation of structural parameters
(e.g., height, DBH, etc.). A recent case study reached an overall accuracy of 81% in the identification
of dieback-affected eucalyptus trees within a floodplain forest in Australia [96] through the use of
LiDAR data and imaging spectroscopy. The combination/fusion of ALS with TLS data has already
demonstrated a positive application for single-tree inventory in Finland [97], but the delineation and
quantification of downed logs should be implemented [81].
Polewski et al. [77] used a single-tree segmentation approach through the identification of crowns
in imagery and then clipped the point cloud based on the detected objects, while Aicardi et al. [98]
integrated a point cloud derived from UAV photogrammetry and TLS data to characterize a forest
stand in northern Italy. Finally, applications related to the use of SAR have been reviewed by Li and
Guo [99], where different technologies (imagery, LiDAR, and SAR) are taken into consideration for the
evaluation of non-photosynthetic vegetation (i.e., dead material).
The use of three different approaches for data integration was tested to monitor the hazard from
standing dead trees along the forest roads of the Bialowieza Forest in Poland [100]. The forest (conifers,
broadleaves, and mixed stands in almost similar proportions) was flown over with a Color-Infrared
(CIR) camera and scanned with a full-waveform sensor under leaf-on conditions, with an average
point density of 6 pts/m2. The colorized point cloud was then used to derive some high-resolution
raster products: plain imagery, imagery with associated height information derived from the forest
database, and imagery with associated height information derived from ALS data. In comparison to
the techniques using passive sensors, the use of ALS data information allowed single-tree segmentation
to be performed and hence enabled risk assessment on a per tree basis, identifying the individual
characteristics and prioritizing those which threatened more roads at the same time.
Nevertheless, not all experiences are positive. Compared to aerial imagery fused with ALS data,
ALS data alone have been found to be a preferable auxiliary source of information for sampling
efficiency [101].
5. Multi-Temporal Approach
LiDAR acquisitions are being evaluated not only as a single good-quality product, but also as an
optimal information source for a multi-temporal approach. Some of the abovementioned experiences
take into consideration the comparison of CHMs from different years or operate directly on the point
cloud to locate the availability of CWD. Among the former, Vastaranta et al. [102] identified canopy
gaps though the difference between CHMs in order to monitor snow-damaged trees.
Similarly, Tanhuanpää et al. [103] detected and classified some (conifer/deciduous) downed logs
with high accuracy through the difference of two high-density datasets: 97.8% and 89%, respectively.
Individual tree crowns were delineated using the watershed algorithm and then compared with the
most recent canopy raster. If the tree locations fell in a new canopy gap, then the tree was considered
as fallen. Furthermore, quantification (volume) and description (DBH) were assessed with RMSEs of
0.5 m3 and 8.7 cm, respectively. The novel approach does not require calibration or training data, thus
allowing its flexible use.
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Dealing with cloud-to-cloud analyses requires a high number of data per investigation unit (e.g.,
pts/m2) in order to be able to compare two datasets. Korpela et al. [104] found that the fusion of
two datasets originating from different instruments could be improved by the normalization of the
intensity values. Hamraz et al. [69] instead homogenized the point spacing to merge two datasets with
different point densities and seasonality. This allowed them to use the novel segmentation approach
proposed for broadleaved species described in Section 7.
A multi-temporal approach can also favor the segmentation process, as shown by Pietrzyk [105].
Using a cloud-to-cloud comparison, the author experimented with the use of three datasets to assess the
change detection within a forest stand for the identification of harvested and fallen trees. The process
was able to identify broadleaves and could rely on an overall accuracy of 94%, probably mostly due to
the very high average point densities used (between 64 and 118 pts/m2).
As concerns very high-density data, recent experiences in the Alpine region show an application
of LiDAR technology for the recognition of snow/ice damaged trees. Using two datasets from 2013
and 2014, Kobal et al. [106] quantified the damage (broken branches, dying crowns, etc.) that followed
the extensive ice-break event in February 2014 that impacted almost 50% of Slovenia’s forests. A similar
approach, though not directly related to real deadwood, was applied by Wallace et al. [107] using
a UAV-borne LiDAR sensor (point densities between 145 and 220 pulses/m2) for the quantification
of pruning residues in a Eucalyptus production stand in Australia. Results ranged between 96% and
125% of the pruning rate, but the success of the procedure confirmed the suitability of LiDAR data for
fine-scale estimations.
6. Examples from Land and Environmental Management
The application of LiDAR technology for the assessment of habitat quality has recently been
gaining interest [108–110], stimulating the development of a new multidisciplinary field of study
connecting different research areas, from information technology to biology and resource management.
6.1. Habitat Modeling
LiDAR has proved its ability to characterize the vertical and horizontal forest structure
under different conditions, allowing for the classification of stands into natural or managed [111].
This particular ability has been repeatedly tested in the field of animal ecology, as reviewed by Davies
and Asner [33]. As the authors pointed out, the experiences are biased by efforts spent on specific taxa
(i.e., birds) and by geographical distribution. In the latter case, the studies are mostly concentrated in
North America and Europe, similar to those related to deadwood identification and quantification.
Among the others, two studies highlighted the importance of including stand structural
information coming from LiDAR data in order to model deadwood type and abundance.
Martinuzzi et al. [52] analyzed three categories of snags (DBH >15, >25, and >30 cm) recognized as a
key factor for the presence of woodpeckers. Through the use of 34 LiDAR-derived metrics (19 related
to canopy and 15 to topography) and selection by the random forest algorithm, they were able to model
local snag availability with an overall accuracy ranging between 86% and 88%. In the study by Ackers
et al. [112], the use of different remote sensing sources (orthophoto, Landsat, LiDAR) were compared
for the habitat assessment of the spotted owl (Strix occidentalis caurina), a species that requires large
amounts of deadwood as a fundamental habitat component. The estimations using LiDAR data were
better than those from other sources, but the main disadvantage is related to the minor scale at which
this technology is usually available.
6.2. Post Disturbance and Forest Fire Management
The use of LiDAR data for forest fire management purposes has concentrated on fuel
characterization and quantification, as reviewed in Gajardo et al. [113], mostly through an
area-based approach.
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The use of LiDAR shows that, in comparison to studies made with Landsat data, with LiDAR it is
possible to identify real canopy (and stand) dynamics. Indeed, even if a stand tends to grow when
analyzed on a global scale, it is possible to recognize the small variations that occur on a local scale.
The possibility of merging the information from the two different sources allowed Wulder et al. [114]
to evaluate post-fire forest conditions and burn-induced structural changes. They found that metrics
calculated from Landsat on post-fire forest conditions were related to structural parameters derived
from LiDAR, mostly for dense forests (cover >60%). A similar study by Bolton et al. [115] assessed
the long-lasting impact of high-severity fire on forest structure in the 10 years since fire, where snags
characterize the vertical structure till their progressive fall, while also being covered by the growth
of the regeneration. These rather diversified environments constitute an important wildlife habitat
in a post-fire condition. Vogeler et al. [116] compared the use of variables from LiDAR and Landsat
data and mixed models for the evaluation of snags and shrubs availability. Landsat performed a little
better when used alone, but the fusion of datasets provided moderate errors and acceptable accuracy.
It should be pointed out that the good predictive performance obtained may be related to the large
DBH thresholds adopted for snags (DBH >40 cm).
7. Critical Points and Future Perspectives
Although in the last decade numerous studies have been conducted to address automatic
deadwood parameters extraction using LiDAR data, several issues still require further research.
From a general point of view, there is a tendency to propose new algorithms, even if not always
fully successful. However, not enough information is available on how the existing ones work
within different forest types. The need to investigate this aspect has been underlined by different
authors [19,41,67,69,74,117], though only a few have analyzed benchmarks [68,118,119]. Furthermore,
these are limited to the extraction of inventory parameters on living trees whereas, as concerns
deadwood, only the sampling methods related to CWD are compared [120].
From an operational point of view, there is a good availability of ABA models that can guarantee
reliable estimations. Area-based approaches lack the classification of tree species but better manage the
intermediate and lower stories that are usually poorly detected by single-tree approaches. ABAs are
strictly linked to local variables, so NFI are still the main source of data for such a wide-scale assessment.
The single-tree segmentation process, on the other hand, relies only on LiDAR data and
temporarily stable empirical information (e.g., allometric equations), showing the potential for the
exclusion of ground surveys in the short term. Nevertheless, while Pirotti et al. [119] proposed a
minimum point density for the segmentation of living trees (5 pts/m2), the threshold for dead trees is
harder to define. Wing et al. [67] considered 4 pts/m2 (first return and single) as the minimum density
value to apply their segmentation procedure. Casas et al. [76] defined 19 pts/m2 as the minimum
for a proper classification and DBH estimation. Reitberger et al. [64] pointed out how the increase in
point density (from 10 to 25 pts/m2) becomes useful only for stem identification in the case of standing
deadwood. Instead, in the case of log identification, Polewski et al. [72] proposed a minimum of
20 pts/m2 for the application of their algorithm. At present, sensor quality and the cost of a wide-scale
LiDAR survey provide datasets with an average point density of 10 pts/m2 at an accessible price.
For this reason, the selected studies listed in Table 1 are divided into high- or low-point density,
according to this threshold.
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Table 1. Main studies related to deadwood (standing or lying) identification through Airborne Laser Scanning (ALS) data (Corr.: correcteness, Compl.: completeness,
Omiss.: omission, Comm.: commission ).
Author Aim Seasonality Site Type Scanning Type High Density(pts/m2)
Low Density
(pts/m2)
DBH
Threshold
(cm)
Accuracy (%)
Blanchard et al.,
2011 [81] U.S.A. Downed logs - Mostly open area Discrete return (DR) 10.5 (20) No 25 73
Lindberg et al.,
2013 [82] Sweden Downed logs Leaf-off Conifer forest DR 69 No -
Corr.: 32
Compl.: 41
Nyström et al.,
2014 [83] Sweden Downed logs Leaf-off Conifer forest DR 65 No 6.9
Corr.: 64
Compl.: 38
Mücke et al.,
2012 [75] Germany
Standing dead trees,
downed logs Leaf-on/Leaf-off Beech stand
Full waveform
(FWF)
21.8 (leaf-on)
16.9 (leaf-off) No 30
Mücke et al.,
2013a [84] Germany/Hungary Downed logs Leaf-off
Old-growth
broadleaved forest FWF
29.4 (all)
10.9 (single/last) No 30
Corr.: 75.6
Compl.: 89.9
Polewski et al.,
2014 [86] Germany Downed logs Leaf-off
Mountain mixed
forest FWF 30 No -
Polewski et al.,
2015 [72] Germany Downed logs Leaf-off
Mountain mixed
forest DR (from FWF) 30 No 10
Corr.: 55–90
Compl.: 56–82
Polewski et al.,
2016 [87] Germany Downed logs Leaf-off
Mountain mixed
forest DR (from FWF) 30 No 10
Corr.: 47–97
Compl.: 34–71
Abalharth et al.,
2015 [79] U.S.A. River logjams - Dense forest - 9–27 No -
Omiss.: 5
Comm.: 10
Tanhuanpää et
al., 2015 [103] Finland
Downed
logs/classification Leaf-off Urban conifer stand - 20 pulses No -
97.8 (logs)
89 (classif.)
Bright et al.,
2013 [62] U.S.A.
Dead trees’ basal
area Leaf-on/Leaf-off
Different conifer
forests DR No 0.5–8.7 - 24.9–43.8
Bater et al., 2009
[58] U.S.A.
Standing dead trees
class distribution Leaf-on Conifer forests DR No < 1 10 -
Casas et al.,
2016 [76] U.S.A. Standing dead trees - Mixed landscape DR 19 No 10 84.8
Polewski et al.,
2015b [77] Germany Standing dead trees Leaf-on
Mountain mixed
forest
FWF + NIR imagery 30–40 No - 89
DR (from FWF) - No - Corr.: 77.8Compl.: 63.1
Yao et al., 2012a
[70] Germany
Classification
live/dead trees Leaf-on/Leaf-off
Mountain mixed
forests DR (from FWF) 25 No 7 73
Wing et al., 2014
[67]
U.S.A. Standing dead trees Leaf-on
Mostly conifer
stands DR
No 6.9 Live: 9Dead: 12
40–60 (DBH <37 cm)
55–80 (DBH >37 cm)
No 6.7 Live: 9Dead: 12 >65 (DBH >37 cm)
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Table 1. Cont.
Author Aim Seasonality Site Type Scanning Type High Density(pts/m2)
Low Density
(pts/m2)
DBH
Threshold
(cm)
Accuracy (%)
Wallace et al.,
2014 [107] Australia Crown pruning Leaf-on
Eucalyptus
plantation
Unmanned aerial
vehicle (UAV) DR 145–220 No - -
Sherrill et al.,
2008 [55] U.S.A.
Coarse woody
debris (CWD)
Leaf-off Subalpine conifer
stands
DR No 1.57–2.36 All -
Leaf-on DR No 2.36 All -
Keränen et al.,
2015 [80] Finland Forest inventory Leaf-on Boreal mixed forest DR No <1 3 -
Maltamo et al.,
2014 [41] Finland CWD Leaf-on Boreal mixed forest DR No 2.8 5 -
Pesonen et al.,
2008 [54] Finland Standing/downed Leaf-on
Spruce-dominated
stands,
aspen stands
DR No 0.5 5 Standing: 78.8Downed: 51.6
Kim et al., 2009
[74] U.S.A. Standing dead tree Leaf-on
Mainly conifer
forest DR No >6 10 -
Martinuzzi
et al., 2009 [52] U.S.A.
Standing
deadwood for
habitat modeling
Leaf-on Temperate coniferforests DR No
1.95-m
post spacing 2.7 86–88
Ackers et al.,
2015 [112] U.S.A.
Standing
deadwood for
habitat modeling
Leaf-on Conifer-dominatedforests DR
9 pulses with
4 returns No - -
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The situation depicted in Table 1 shows that most studies make use of high-density datasets.
Moreover, we did not find studies that compared the viability of the proposed method with different
point densities. This is just the case of three studies focused on the segmentation process [64,119,121].
The majority of studies dealing with CWD modeling obtained good results but, according to
Maltamo et al. [41], this is due to their setting in natural areas where mortality conditions are more
homogenous; these authors indeed point out how it is much harder to statistically model CWD
in managed forests where management operations have altered its presence across the landscape.
Nevertheless, for Downed Deadwood (DDW), area-based techniques and the associated measurements
of DDW cover should be pursued, as single-tree log detection techniques are still problematic.
The volume of standing dead trees is very difficult to model due to the high variability of stem
dimensions; this depends on the breakage height and decay status, and for these reasons common
allometric equations are not always effective. While the inclusion of small quantities seems not to have
any significant effect on an area-based plot estimation [80], the exclusion may determine an increase of
0.2 concerning the coefficient of determination of the basal area estimation both for coniferous and
deciduous forests, whereas the height measurements decrease in accuracy by 0.22 for mixed stands [73].
As concerns the single-tree approach, Latifi et al. [122] instead noted an increase in accuracy for the
plot estimation when deadwood was excluded, while Casas et al. [76] managed this great variability
through the use of Gaussian processes.
Regardless of the data source or estimation method used, the best results have been reached when
considering medium- to large-sized deadwood elements. Recent studies provided good accuracy (>50%)
in identifying lying deadwood using the thresholds of DBH >25 cm [81], or DBH >30 cm [83,84]. However,
some of them showed similar results in middle-aged forests with stems larger than 10 cm [72,80,86,87].
The quality of DTMs greatly influence lying deadwood characterization [75,82,83,85]. Indeed,
in the case of DR LiDAR data, it is extremely difficult to separate ground, logs, and low vegetation,
differently from FWF [84]. Linear topographic features (e.g., ditches, channels, etc.) may then interfere
with the recognition of elongated shapes such as fallen trees [82,84]. Another source of noise in the
identification of lying logs can be the scanning pattern used. A commonly used one is the zig-zag
pattern, which may create strips of data and no-data due to the irregular point spacing. Such a situation
requires a homogenization process that is difficult and time consuming [81].
The papers collected in Table 1 show quite a wide range of canopy conditions under which testing
has been conducted. Not all LiDAR acquisitions have been employed for the specific purpose of
deadwood recognition. Adjacency results as a common issue for the correct detection of all CWD
categories. Snags are often clustered with living individuals close by and identified as a whole [67],
while logs are frequently overlying and their separation is very difficult [81–83].
It is not straightforward to draw specific guidelines, but it seems pretty clear that leaf-on conditions
perform better for snag identification when the snag appears as a different object in a homogeneous
environment, even if relevant differences have not been noticed [75]. On the contrary, leaf-off conditions
favor laser beam penetration and hence the recognition of downed material, but it only helps in the
case of a low percentage of evergreen species in the plots. Canopy cover around 66% may lead to a
difficult detection due to the sparse points that are able to reach the ground [72].
All of these mentioned drawbacks lead us to think that high technical skills and specific software
are still needed, as pointed out by Bütler and Schlaepfer [123]. In addition, a recent questionnaire-based
review by Barrett et al. [124] demonstrated that none of the 45 interviewed countries make use of
remotely sensed data coming from radar or LiDAR sources for their NFI.
Future perspectives are mainly focused on the integration of different technologies or techniques.
From a technological point of view, DR LiDAR sensors have almost reached their potential in point
density, but the research is moving towards multi-sensors and the exploitation of information-rich
data (i.e., full waveform). Wing et al. [67] highlighted the importance of the intensity attribute for
further developments of discrete data. The relevance of intensity has already been demonstrated in
previous works (e.g., [64]) and several correction and calibration methods are available (see [125,126]).
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A better exploitation of radiometric information such as amplitude or echo width from FWF
has been supported in Lindberg et al. [82] and successfully used in recent studies [75,84,85,127].
Furthermore, new sensors such as the photon counting ALS may offer novel positive perspectives
allowing wide areas to be mapped with high point density (65 pts/m2; [83]). As remarked in
Pfeifer et al. [128], single photon counting sensors also have the possibility of detecting very weak
signals and promising results are already available from early experiments in forestry [129].
We found only two studies that compared the use of DR or FWF LiDAR data [64,85], pointing out
how the quality of better results is mostly related to the possibilities given by the use of echo width
and amplitude. Furthermore, decomposing the FWF makes it possible to work with a higher number
of discrete points (a factor of 2–3 in comparison to the first/last pulse; [64]) and richer in information,
depending on the canopy density [130].
Finally, new algorithms specific to LiDAR data or coming from other fields of the remote
sensing sector may provide improved results. A line-matching template method using normalized
cross correlation kernel was successfully applied at varying angles over a raster orthophoto by
Pirotti et al. [131] to estimate the volume of damaged trees. Further tests might aim to evaluate
its reliability if applied to a rasterized ALS point cloud.
Concerning innovative single-tree segmentation approaches, Hamraz et al. [69] achieved an
accuracy of 77% using a not site-specific algorithm within broadleaved stands, usually considered as a
“worst-case scenario” situation. Among the segmented trees, the model identified 39% of the dead
ones, leaving open the prospect that with further refinements it might be applied with good results
to conifers and other standing deadwood. As reported in Latifi et al. [117], current methods can still
be refined but, as they already provide a time reduction of 90% when recording the data, it must be
assessed whether the added value is significant.
New LiDAR sensors and platforms have recently been attracting more attention on the market,
mostly related to the close range. As an example, (handheld) Mobile Laser Scanning has already
proved to be a fast and efficient tool for collecting data for forest inventory purposes [132,133]. There is
the hope that new data acquisitions, implementations of new methodologies, and the enhancement of
the already available algorithms will provide improved and sound datasets, helping us to increase our
ecological processes knowledge and develop more efficient survey schemes.
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